This paper studies the relationship between the time-varying volatility of dry bulk freight rates and the change of the supply of fleet trading in dry bulk markets. An abundance of research has been done to understand the time-varying characteristics of freight rate volatility, yet few have discussed the determinants of freight volatility. We therefore examine freight volatility against the changes in fleet size and other shipping market variables over January 1973 to October 2010. The study employs a two-step model specification. The first step is the measurement of freight rate volatility through an AR-GARCH model; the second step is the analysis of the relationship between freight rate volatility and fleet size growth through a GMM regression. We confirm similar findings in the literature that freight rate volatility is time varying. Furthermore, the results reveal that the change in fleet size positively affects freight rate volatility, while the spot rate volatility of Capesize dry bulk exhibits a stronger reaction to the change in fleet size. The 2 results of this study contribute in a general sense to understanding the systematic risk of shipping markets.
Introduction
Freight volatility denotes the variability or the dispersion of the freight rate. The larger the freight volatility is, the more the freight rate fluctuates. Previous studies show that freight volatility can be forecasted but based largely on its past values. An abundance of studies have been carried out in an attempt to understand the time-varying characteristics of freight rate volatility (Kavussanos, 1996a and 1996b; Kavussanos, 2003; Lu, Marlow and Wang, 2008 ; among others), yet among them only a few have discussed what are the causes and impacts of the time-varying risk in shipping markets. For example, Adland and Cullinane (2006) modeled volatility as a function of the level of freight rate themselves. and Batchelor, Alizadeh and Visvikis (2005) studied shipping risk by analyzing the impact of the volatility of shipping derivatives.
We are left with the question of what causes this time-varying freight volatility. . The dynamics between freight volatility and fleet size growth in dry bulk shipping markets. Transportation Research Part E: Logistics and Transportation Review, 47(6), 983-991. 3
In financial risk management, the CAPM (Capital Asset Pricing Model) has been widely accepted as high risk denoting high return, and most research has attempted to determine the risk level of individual companies. However, the systematic (or market) risk is not well determined. There are few markets like shipping with such characteristics as the supply capacity being well defined and the size of supply inelastic to market rate. In other markets, it may be difficult to measure the capacity of supply or the supply is not fixed. Our study aims to find the relationship between the time-varying volatility of dry bulk freight rates and the change of the supply of fleet trading in the dry bulk shipping markets, namely fleet size.
Imagine a market for any goods where initially there is only one buyer and one seller.
Later more buyers and more sellers with more capital join the trade, one seller has more goods to sell or one buyer has more capital to buy. This may increase the uncertainty in the market. This scenario could be extended to the shipping market: During normal market conditions with slow and predictable trade volume growth, the change in fleet supply will also reflect such stable growth conditions and the freight market will be near an equilibrium with correspondingly low and less volatile freight rate (as in the pre-2003 dry bulk market). If there is a sudden positive change in demand growth (e.g. the emergence of China as a major importer in the post-2003 period), then there will first be a boom in freight rates and therefore freight volatility and ultimately increasing supply growth (scrapping would cease immediately and increased newbuilding would commence). The increased uncertainty with regards to what future fleet requirements . The dynamics between freight volatility and fleet size growth in dry bulk shipping markets. Transportation Research Part E: Logistics and Transportation Review, 47(6), 983-991. 4 will be, and the inherent risk of overtonnaging, will lead to greater volatility for a prolonged time period (as observed in the 2003 -2010 market). We therefore postulate our a priori hypothesis: in dry bulk shipping markets, an increase in the change of the size of fleet trading in the market leads to an increase in freight rate volatility.
In general, previous studies of freight markets focus on the modeling of freight rates assuming the market remains static (see, for example, Beenstock and Vergottis, 1993), or on estimating the freight rate volatility of individual markets (see, for example, Kavussanos, 1996a and 1996b) . We study the dynamics between the time-varying freight rate volatility and the change of fleet market capacity. The aim of this empirical study is to determine the impact of the change in fleet size on the market risk in shipping.
The remainder of this paper is organized as follows. Section two reviews the related literature. Section three discusses the research methodology. Section four describes the data properties and the empirical results. Section five summarizes the findings.
Literature Review
Freight risk has been a core subject in maritime studies because shipping markets have generated alternative investment opportunities attracting the interest of investor groups in the last decade. Ever since the classical works of Tinbergen (1931 and 1934) and later Zannetos (1966) , what we have known in maritime economics is the hockey-stick shape of the supply function in shipping along with inelastic demand function that generates time-varying volatility. By definition a highly overtonnaged market will lack volatility . The dynamics between freight volatility and fleet size growth in dry bulk shipping markets. Transportation Research Part E: Logistics and Transportation Review, 47(6), 983-991. 5 while a freight market near capacity will exhibit very large volatility. We do not yet know well how to model this volatility from a fundamental point of view, apart from as function of the freight rate itself as in Adland and Cullinane (2006) or in the various time series analysis models as in Kavussanos (1996a and 2003) . This paper is therefore an attempt at expanding our understanding of such fundamental market models of freight market volatility. Kavussanos (1996a) applied the ARCH model to shipping markets for the first time. He extended the model to investigate volatility of the spot and time-charter rates in the dry bulk shipping markets. He found that risks in both freight and time-charter dry bulk markets are time-varying and risk is generally higher in the time-charter market than the spot market and higher for larger ships than smaller ones. Kavussanos (1996b) also applied ARCH model to estimate the price volatility of tanker market. Kavussanos (2003) further employed the GARCH model to examine the risks in the tanker freight market and found that the risks in the tanker market vary over time. Time-charter rates have lower volatility than spot rates, while the freight rate of larger vessels has higher volatility than that of smaller ones. Lu, Marlow and Wang (2008) 6 on shipping markets has also applied this methodology to model second-hand ship prices (Kavussanos, 1997) , risk premium in freight markets (Kavussanos and Alizadeh, 2002b; Adland and Cullinane, 2005) , and freight futures markets Kavussanos, Visvikis and Batchelor, 2004; Batchelor, Alizadeh and Visvikis, 2005) ; all these shipping related time series are shown to exhibit time-varying volatilities. (2) where the freight rate volatility in logarithm ( t h ) is defined as the one-step ahead conditional volatility of freight rate from an AR-GARCH model, the change in fleet size is evaluated by lnFS t and lnFS t 2 , the change in freight level by lnFR t , the change in demand for shipping services by lnIP t , and the change in transportation costs by lnBP t .
The second order term of fleet size is included in the regression according to Ramsey's RESET Test, which is a general test for mis-specification that may manifest itself in terms of missing variables and/or incorrect functional form. It should be noticed that Equation (2) is in the log-log specification and the estimated coefficients measure the change in volatility per unit change in explaining variables, therefore the variables can be thought of as small changes in themselves (Wooldridge, 2009 
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This study employs a two-step model specification. The first step is the measurement of freight rate volatility. The price volatility has been measured in two ways in related literatures.
(1) The volatility is assumed to be stationary, measured by standard deviations of different samples or observations (see, for example: Hnatkovska and Loayza, 2004; Rose, 2006; Furceri and Karras, 2007) .
(2) Alternatively, the volatility is non-stationary, measured by continuous time-changing variances of the same sample (see, for example: Kavussanos, 1996a Kavussanos, & 2003 Adland and Cullinane, 2005; Lu, Marlow and Wang, 2008) . The latter approach is used in this paper to verify the time-varying characteristics of shipping risks.
The approach to determine the dynamic volatility is associated with the following remarks. The Autoregressive Conditional Heteroskedasticity (ARCH) and Generalized
Autoregressive Conditional Heteroskedasticity (GARCH) models are employed commonly in modeling volatility of financial time series that exhibit time-varying volatility clustering, that is, periods of swings followed by periods of relative calm. The ARCH model was introduced by Engle (1982) to model the volatility of UK inflation.
Since then this methodology has been employed to capture the empirical regularity of non-constant variances, such as stock return data, interest rates and foreign exchange rates (Bollerslev and Melvin, 1994 , among others). However, this methodology, despite its abundance of results elsewhere, had not been applied before in shipping markets until Kavussanos (1996a) 10 volatility has been found to exist among most shipping related time series, for example, bulk shipping freight rate (Kavussanos, 1996a; Adland and Cullinane, 2005) , secondhand ship price (Kavussanos, 1997) , forward freight agreement (FFA) price (Batchelor, Alizadeh and Visvikis, 2005 ). The GARCH model has been widely used to examine the time-varying volatilities of shipping related time series. The ARCH model considers the variance of the current error term to be a function of the variances of the previous time period's error terms. ARCH relates the error variance to the square of a previous period's error. As the name suggests, the model has the following properties:
(1) Autoregression -Uses previous estimates of volatility to calculate subsequent (future)
values. Hence volatility values are closely related.
(2) Heteroskedasticity -The probability distributions of the volatility varies with the current value.
In this paper, we apply AR-GARCH (p, q) to model the conditional volatility of freight rate, since it has been proved that a GARCH model adequately fits many economic timeseries (Bollerslev, 1987) . Thus, we consider estimating the model using the generalized method of moments (GMM) approach. GMM is a very general statistical method for obtaining estimates of parameters of statistical models. In the twenty years since it was first introduced by Hansen (1982) of the method of moments, GMM has become a very popular tool among empirical researchers. It is also a very useful heuristic tool. Many standard estimators, including instrument variable (IV) and ordinary least squares (OLS), can be seen as special cases of GMM estimators.
GMM is a good estimator for dealing with autocorrelation and heterogeneity issues. The GMM approach allows an instrument to be used, thereby avoiding any simultaneity bias.
It also brings the advantage of consistent estimation in the presence of heteroscedasticity 
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and autocorrelation (Newey and West, 1987) . Baum et al. (2003) also mentioned that GMM makes use of the orthogonality conditions to allow for efficient estimation in the presence of heteroskedasticity of unknown form.
Data Description and Empirical Results

Data Description
In the analysis, the data sets consist of monthly freight rate, fleet size (FS), industrial production (IP) and bunker price (BP). The freight rate is specified into Panamax and Capesize spot rate (SPR) and one-year time-charter rate (TCR) in the dry bulk shipping industry while the fleet size is also divided into Panamax and Capesize bulk carriers Descriptive statistics of logarithmic freight rates and fleet size are presented in Table 1 . 13 unit root test on the monthly log first-difference freight rate and fleet size series is applied to examine whether the series are stationary. The results indicate that for both ship types the log first-difference of freight rate and fleet size series are stationary.
| Table 1 | 4.2 Empirical Results
To analyze the relationship between freight market risk and the change in fleet size, onestep ahead conditional volatility estimates ( t h ) of freight rates are constructed through the AR-GARCH model. We first choose the best auto-regression (AR) model for the four freight rate series (SPR_p, TCR_p, SPR_c and TCR_c), determined by Schwartz Information Criterion (SIC). Results show that AR (1) is the most suitable lag for the four series. We also apply ARCH LM test (Engle, 1982) to check the autocorrelated conditional heteroskedasticity in the residuals of the AR models. The results show the presence of ARCH effects in freight volatility. We then use the AR-GARCH (p, q) model to estimate the freight rate volatility. AR-GARCH (1, 1) is selected to be the appropriate specification. GARCH (1, 1) has been shown to be a generous representation of conditional variance that adequately fits many economic time series (Lu, Marlow and Wang, 2008) . The empirical results are reported in Table 2 . For all four freight rate series, the coefficients of the lagged variance ( β ) and the lagged squared error (α ) terms are significant at 5% critical levels. Bollerslev (1987) mentioned that the persistence in variance is measured by the sum ( α + β ). In our analysis, the results show that (α + β ) > 1, which indicates that the GARCH process is non-stationary. We therefore 14 confirm similar findings in the literature (Kavussanos, 1996a; Kavussanos, 2003; Adland and Cullinane, 2005; Lu, Marlow and Wang, 2008 ) that the volatility of both spot rate and time-charter rate in dry bulk markets are time-varying.
| Table 2 
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The results of the GMM regressions are presented in Table 3 With the increase in the value of lnFS, the non-linear term will take dominant effect over the linear term, which suggests that the increase in the change of the size of the fleet trading in the market leads to an increase in freight rate volatility. The linear and nonlinear effects together suggest that the large volatility change is a result of non-linear effect of the change in fleet size. The spot rate volatility of Capesize dry bulk exhibits a stronger reaction to the change in fleet size than Panamax dry bulk, which can be explained since Capesize ships are more vulnerable to market changes due to the trading inflexibility of larger vessels. 
Conclusion and Further Research
This study provides valuable insights into the current status of freight risk management in the literature. This study provides statistically significant evidence that fleet size growth is a critical determinant of freight volatility and affects it in a nonlinear manner.
This paper postulates an a priori hypothesis that, in dry bulk shipping markets, an increase in the change of the supply of fleet trading in the market leads to an increase in freight rate volatility. We employ a two-step modeling to examine the relationship between freight market risk and fleet size. We confirm through the AR-GARCH model the similar findings in the literature that the volatilities of both spot rate and time-charter rate in dry bulk markets are time varying, and the freight rate volatility series exhibit clustering characteristics, indicating that volatility tends to stay high during and after periods of large external shocks to the industry. Through the GMM regression, we validate our a priori expectation that the change in fleet size positively affects freight rate volatility. The spot rate volatility of Capesize dry bulk exhibits a stronger reaction to the change in fleet size as Capesize ships are more vulnerable to market changes due to the trading inflexibility of larger vessels.
This study contributes in a general sense to understanding the systematic risk of shipping markets. Given the positive effect of the change in fleet size on freight rate volatility, ship investors should be wary of the market supply in the dry bulk shipping sector.
Further research is needed to compare systematic risks across different markets and to explore their size effects. Note:
• N is the number of observations.
• S.D. is the standard deviation of the series.
• J-B is the Jaeque-Bera test for normality, distributed as • ADF is the Augmented Dickey-Filler test; the appropriate lag lengths (in parentheses) are based on Schwartz Information Criterion (SIC); the 5% critical value is -2.868.
• SPR, spot rate; TCR, time-charter rate; FS, fleet size • Subscript: p, Panamax; c, Capesize Note:
• **(*) denotes significance at 10% (5%) critical value levels.
• SPR, spot rate; TCR, time-charter rate • Figures in parentheses and in squared brackets indicate t-statistics and significance levels, respectively. • ** and * denotes significance at 1% and 5% critical value levels, respectively.
• Adj. R 2 is the adjusted R-squares of the regression.
• Q(12) and Q 2 (12) are the Ljung-Box Q statistics of the raw series and of the squared series, distributed as ) 12 ( 2 χ under the null hypothesis of nonserial correlation with lags up to 12.
• Volatility t h is defined as the one-step ahead conditional variance of the freight rate, computed from a well-specified AR-GARCH model.
• FS, fleet size; IP, industrial production; BP, bunker price 
